Abstract-We described a spatio-temporal analysis of environmental loading models: atmospheric, continental hydrology, and non-tidal ocean changes, based on multichannel singular spectrum analysis (MSSA). We extracted the common annual signal for 16 different sections related to climate zones: equatorial, arid, warm, snow, polar and continents. We used the loading models estimated for a set of 229 ITRF2014 (International Terrestrial Reference Frame) International GNSS Service (IGS) stations and discussed the amount of variance explained by individual modes, proving that the common annual signal accounts for 16, 24 and 68% of the total variance of non-tidal ocean, atmospheric and hydrological loading models, respectively. Having removed the common environmental MSSA seasonal curve from the corresponding GPS position time series, we found that the residual station-specific annual curve modelled with the least-squares estimation has the amplitude of maximum 2 mm. This means that the environmental loading models underestimate the seasonalities observed by the GPS system. The remaining signal present in the seasonal frequency band arises from the systematic errors which are not of common environmental or geophysical origin. Using common mode error (CME) estimates, we showed that the direct removal of environmental loading models from the GPS series causes an artificial loss in the CME power spectra between 10 and 80 cycles per year. When environmental effect is removed from GPS series with MSSA curves, no influence on the character of spectra of CME estimates was noticed.
Introduction
Seasonal changes are a component part of the Global Positioning System (GPS) position time series, especially the vertical direction (Blewitt and Lavallée 2002; Collilieux et al. 2007 ). In most cases, those variations result from real geophysical phenomena which deform the Earth's surface. They are broadly explained and modelled by environmental loading effects (van Dam and Wahr 1998; Jiang et al. 2013) . Atmospheric (van Dam and Wahr 1987) , hydrological (van Dam et al. 2001 ) and non-tidal ocean loadings are the most important contributors of seasonal variations to many GPS stations in different parts of the world. The appropriate models can be removed directly from the GPS position time series to reduce the influence they might have on the observed displacements. This approach has proved to decrease the root mean square (RMS) of the GPS position time series (Jiang et al. 2013) . However, according to Santamaría-Gomez and Mémin (2015) , such an approach reduces only the amplitude of white noise of the GPS position time series. showed that the direct removal of environmental loading models from the GPS observations causes the evident change in the power spectrum density of noise for frequencies between 4 and 80 cycles per year (cpy).
Beyond real geophysical origins, seasonal changes in the GPS position time series can be also generated by systematic errors (Ray et al. 2008) or by spurious effects (Penna et al. 2007 ). Both can influence permanent stations individually or be similar for stations situated not far from each other.
As shown by Dong et al. (2002) , both the GPS position time series and the environmental loading Electronic supplementary material The online version of this article (https://doi.org/10.1007/s00024-018-1814-0) contains supplementary material, which is available to authorized users. models contain the common seasonal signal which characterizes the data from a certain region of the world. Freymueller (2009) , Tesmer et al. (2009) and Bogusz et al. (2015a) proposed to employ stacking and clustering methods to estimate regional mean annual oscillations from the time series and to group them from a regional signal. They all proved that the neighbouring stations are characterized by a similar seasonal signal.
Few methods such as Singular Spectrum Analysis (SSA), Wavelet Decomposition (WD) and Kalman Filter (KF) have been already used to retrieve stationdependent time-varying curves from the GPS position time series (Chen et al. 2013; Gruszczynska et al. 2016; Didova et al. 2016; Klos et al. 2018a ). However, neither of them is able to separate real and spurious effects from the GPS data. Lately, multichannel singular spectrum analysis (MSSA) was proposed by Walwer et al. (2016) for stations situated close to each other. They demonstrated that MSSA is able to model the common seasonal signal in the GPS position time series. Zhu et al. (2016) used the MSSA approach to investigate the inter-annual oscillations in glacier mass change estimated from gravity recovery and climate experiment (GRACE) data in Central Asia. Gruszczynska et al. (2017) compared the MSSA-, SSA-and least-squares estimationderived seasonal signals. They showed that the seasonal signals detected by MSSA are not affected by noise as much as the SSA-derived oscillations. It was explained by the fact that SSA estimates individually fitted curve for the analysed station, while MSSA takes into account the common effects which are observed by few neighbouring GPS stations. As the noise is mainly a station-specific signal, MSSA curves will not be affected by it as much as SSA curves.
To indicate the signals which arise from real geophysical effects, proposed a two-stage solution based on Improved Singular Spectrum Analysis (ISSA, Shen et al. 2015) . When applied for loading models from an individual station, the time-varying seasonal signals from environmental atmospheric, hydrological and non-tidal ocean loadings were extracted, causing the character of the stochastic part characterized a power-law noise (e.g. Williams 2003; Bogusz and Kontny 2011; Santamaría-Gomez et al. 2011; Klos et al. 2016; remained intact. In this research, we assumed that the GPS position time series should not be affected by the high frequency part of environmental loadings series as we did not know if GPS observations to a large extent are influenced by the environmental effects. Therefore, we focused on the common environmental effect in a form of timevarying annual curve which is observed at the GPS permanent stations and proposed its modelling without any alteration in the character of the stochastic part of the time series.
Beyond seasonal signals, the GPS-derived series are also characterized by common mode error (CME), being a sum of the systematic errors (Wdowinski et al. 1997; Nikolaidis 2002; King et al. 2010) . Mismodeling of the earth orientation parameters (EOPs), mis-or un-modelled large-scale atmospheric and hydrologic effects or small scale crust deformations, all increase spatial correlations between individual series. CME can be easily estimated using stacking (Wdowinski et al. 1997; Nikolaidis 2002) , spatial filtering (Márquez-Azúa and DeMets 2003) or orthogonal transformation functions. The latter is considered to be the most effective in reflecting the real nature of CME (Dong et al. 2006) . Yuan et al. (2008) proved that a direct removal of surface mass loadings can significantly reduce the power-law noise. However, they did not investigate to what extent the properties of CME are affected. As was shown by a part of the power is removed when real geophysical effects are considered by direct subtraction of environmental loading models. We presumed that the CME values may also be affected by such removal.
In this paper, we proposed the spatial analysis of environmental loading models based on MSSA to extract the common annual signal for 16 different sections related to the climate zones (i.e. equatorial, arid, warm, snow, polar) and continents. We then modelled with MSSA the time-varying seasonal signal from environmental loading models and subtracted them from the GPS height time series. This was aimed to remove real geophysical changes from the GPS data leaving the noise character of time series unchanged. The benefits of this approach were presented for CME estimates which should not include the environmental effects, as they were removed by the MSSA approach and, most importantly, no influence on CME character should be noticed.
Methodology
In this section, we provided a detailed description of the data and the methodology we used. Data included the environmental loading models and the GPS height time series collected at 229 stations from around the globe. The division into 16 different sections according to the climate classification is also presented.
Data
We employed the GPS position time series from 229 stations distributed globally (Fig. 1) . Daily time series were derived from network solution produced by the International GNSS Service (IGS). They contributed to the latest realization of the International Terrestrial Reference System (namely ITRF2014; Altamimi et al. 2016) . We selected the vertical components which were not shorter than 10 years. To remove offsets, we used the epochs defined by IGS in station log-files with the manual inspection of the series. Outliers were removed with the Interquartile Range (IQR) approach.
Under the Synthesis Report about Climate Change published by Intergovernmental Panel on Climate Change (IPCC), a region's climate is generated by the system, which has five main components: atmosphere, hydrosphere, cryosphere, lithosphere, and biosphere (AR4 SYR Synthesis Report Annexes, http://www.ipcc.ch, retrieved on 2017-06-28). According to this report, we investigated environmental loading effects which may be correlated within climate zones. Therefore, 229 stations were divided into sixteen sections (Table 1, and Table S1 in Supplementary Materials) which are associated with these zones and also with different continents. We used the Köppen-Geiger Climate Classification (Rubel and Kottek 2010) to divide stations according to similar conditions. Then, the time-varying curves were modelled separately for each section.
The atmospheric, hydrological and non-tidal ocean loading models in Centre-of-Figure (CF) frame were employed. Atmospheric loadings were determined from ERA interim (ECMWF Reanalysis) model (Dee et al. 2011) . Non-tidal ocean loadings were estimated from Estimation of the Circulation and Climate of the Ocean version 2 (ECCO2) (Menemenlis et al. 2008 ) ocean bottom pressure model. Hydrological loading (soil moisture and snow) was estimated from modern era-retrospective analysis (MERRA) land model (Reichle et al. 2011) . These environmental loadings were developed at the Ecole et Observatoire des Sciences de la Terre (EOST) loading service available at http:// loading.u-strasbg.fr/.
Since the ECCO2 model and the GPS position time series are sampled every day, the ERAIN and MERRA models were decimated into a daily sampling using a low-pass filter. One of the requirements of the MSSA approach is a common time span of data sets; therefore, we selected a period from 1st January 1994 to 14th February 2015 to be common for all stations. In this study, we focused on the vertical component for which the environmental loading is the most significant (Dach et al. 2011; .
Figure 2 presents series of environmental loadings for selected stations from each section to show the time variability we may be dealing with. Depending on the section considered, the atmospheric, hydrological and non-tidal ocean effects can be larger than others. According to BAKO (Cibinong, Indonesia), ALIC (Alice Springs, Australia), BREW (Brewster, United States) and TUCU (San Miguel de Tucuman, Argentina) stations, we may notice that the amplitude of MERRA model significantly varies over time with maximum peak-to-peak amplitude being equal to about 5, 7, 10 and 4 mm, respectively. Similarly, we may see in atmospheric loading at ACOR (A Coruna, Spain) and SEAT (Seattle, United States) stations that the peaks differ by 5 and 4 mm, respectively. DARW (Darwin, Australia) station is characterized by ECCO2 model with time-varying amplitude of about 2 mm. The full list of stations is available in Table S1 in Supplementary materials. The symbols and names of the sections are used throughout the entire paper, as, e.g. A: Equatorial Asia or D: Snow Europe Vol. 175, (2018) Common Environmental Effects in GPS data 1809
Multichannel Singular Spectrum Analysis (MSSA)
Multichannel (or multivariate) singular spectrum analysis (MSSA) is a method that allows analysing spatial and temporal correlations between different time series (Broomhead and King 1986a, b; Allen and Robertson 1996; Ghil et al. 2002) . The common modes of spatio-temporal variability of a set of time series are described by empirical basic functions. MSSA, similarly to its univariate equivalent method named SSA, consists of two stages: decomposition of the grand-covariance matrix and reconstruction of interesting component. Trend, seasonalities, and noise common for all series are computed in the undermentioned steps:
Step 1. Application of the Embedding Procedure to Estimate the Full Augmented Trajectory Matrix. Firstly, the sliding window of M-length which will be moved across the entire dataset has to be chosen. To determine annual signals we focused on 3-, 4-and 6-year sliding windows, depending on the series. In the embedding procedure, a trajectory matrix was computed (Eq. 1). Each row relates to observations which were included in the sliding window of size M. This window is shifted until the last observation N is reached. This trajectory matrix has a dimension of N 0 9 M, where N 0 = N -M ? 1 (Broomhead and King 1986a, b; Allen and Robertson 1996; Ghil et al. 2002) :
Then, the multichannel trajectory matrixD is estimated as:
where L is the number of time series included in the analysed dataset. In our research, L was equal to 229 (total number of stations).
Step 2. Estimation of the Grand Lag-Covariance. The grand lag-covariance matrix is defined as:
and was computed in this research using the BK algorithm (Broomhead and King 1986b) .
Step 3. Decomposition of Grand Lag-Covariance Matrix to Determine Eigenvalues and Eigenvectors. The grand lag-covariance matrix is diagonalized using singular value decomposition (SVD) in order to compute eigenvalues k k and eigenvectors E k also known as empirical orthogonal functions (EOFs).
Step 4. Determination of k-th Principal Component (PC) as Single-Channel Time Series. The consecutive PCs A k are computed with the eigenvectors estimated in step 3:
The frequency of a particular PC is determined using a periodogram. Any two PCs relating to the same frequency as well as the eigenvectors which correspond to those PCs are in quadrature.
Step 5. Computation of the Reconstructed Components (RC) of Frequency of Interest. The k-th RC at time t for time series l is defined as (Plaut and Vautard 1994) :
Depending on the frequency which interests us, various components can be reconstructed. It is worth emphasizing that summing all RCs, the original time series is reconstructed with no loss in information.
Results
In the following section, we presented the results of research on time-varying seasonal signals estimated with MSSA, separately for environmental loadings in each considered section. Then, we analysed the residuals of the GPS height time series obtained by subtraction of the common time-varying annual curves from data. Finally, we estimated the CME values to decide on the efficiency of the proposed approach. We aimed to propose MSSA as an alternative method to remove the common environmental effect from the GPS position time series without affecting their stochastic characters.
Common Seasonal Signals Estimated from Environmental Loadings
Common seasonal signals were estimated with MSSA from environmental loadings separately for sixteen considered sections (Fig. 3) and then summed to each other for the time span of 1. 01.1994-14.02.2015 . Residuals of the GPS height time series were produced by de-trending each of them and by removing the common annual signal for epochs corresponding to GPS observations. These residuals were then subjected to CME estimates. In this research, we intentionally focused on annual period, as the percentage of total variance of time series explained by modes of annual signal is much higher than the variance explained by any other pair of modes (Gruszczynska et al. 2016) .
The principal components which correspond to the same frequency describe the common character of the employed time series. In other words, each individual PC constitutes a pattern of the common signal. PCs and eigenvectors of the annual period were combined to estimate the k-th RC to determine common oscillations for stations in a particular section, not of the individual station. The percentage of variance explained by the common signal is strictly related to the variance of entire time series estimated including trend, noise and other seasonal signals. It can be only interpreted in the context of all the time series common components variability. As an example, we can provide a series with the significant amplitude of the common annual signal, and the common trend, noise, and other seasonalities being also significant. Then, the contribution of the common annual signal is comparatively low in relation to the remaining components identified through the MSSA procedure. On the contrary, if the variance of trend, noise and other seasonalities is small, the total variance of data explained by the annual curve will be significant and large., From Fig. 4 , we can notice that for ERAIN loading model, two first PCs are always related to common annual signals explaining between 4 and 80% of the total variance of data. If the percentage of variance explained by the annual signal is relatively low, the higher is the variance that represents the sum of the other time series components (trend, noise, and other seasonalities). For 7 sections, i.e. B: Arid North America, C: Warm Europe, C: Warm North and South America, D: Snow Europe, D: Snow North America and E: Polar Antarctica, the variance explained by the annual signal is relatively low in comparison to the variance explained by other modes and varies between 4 and 8%. For other sections, this variance is much higher and ranges 31-80%.
For MERRA loading model, the two first PCs always combine to annual signal. The variance explained by it varies between 31 and 83% of total variance of data. Zones as B: Arid Australia, B: Arid North America and C: Warm Australia are characterized by a high contribution of lower modes into the total percentage of variance equal to nearly 70% at maximum. For other sections, this percentage explains between 60 and 83% and obviously is location dependent. For ECCO2 loading model, the 2nd and 3rd PCs from sections: A: Equatorial South America, C: Warm North America, D: Snow Asia, and D: Snow North America are related to the common annual signal, while for 3 sections, namely: B: Arid North America, E: Polar Antarctica and E: Polar North America-the 3rd and 4th. For all these cases, first PCs explain the long-term non-linear trend. As an example, for E: Polar Antarctica section, the ECCO2 series are characterized by large non-linearity mainly between 2006 and 2015, while for stations included in E: Polar North America section, the non-linearity from 2000 onwards is hardly seen, as the variance explained by this non-linear trend is comparable to the annual signal. The long-term trend seen in the ECCO2 model may result from the Boussinesq approximation used to create this model (Ponte et al. 2007 ). For remaining 9 sections, annual signals were detected in the 1st and 2nd PCs with the amount of variance explained by annual curve being significantly higher than the variance explained by other modes. Figure 5 presents the spatial distribution of the percentage of variance which is explained by a common annual signal in the vertical direction for ECCO2, ERAIN and MERRA model, respectively, for individual stations situated in different sections.
For the non-tidal ocean loading model, the common annual signal identified using MSSA accounts for an average of 16% of the total variance of data. The highest contribution of the annual signal was noticed for stations situated in A: Equatorial Australia section, reaching 34%. In Europe, the annual signal explains approximately 26%, while in North and South Americas 6 and 9%, respectively. Common annual oscillations identified using MSSA for atmospheric loading account for an average of 24% of the total variance of data with the highest percentage equal to 80, 72 and 74%, respectively, for stations situated in South Asia, in North Australia and in Asia. The percentage of variance related to annual oscillation explains approximately 4% of the total variance for stations in Europe. The annual signal estimated using MSSA approach for the hydrological loading models explains around 68% of the total variance, proving that local hydrological plays a significant role in the observed signals. We noticed that stations situated in Europe are strongly affected by annual oscillations from hydrological loading, which accounts for 80%. Those results may be further used for other research related for example to the climate studies, but it falls out of the scope of this paper.
Then, we estimated the RCs for ERAIN, MERRA and ECCO2 models for all examined stations. Figure 6 reveals the original MERRA time series for stations from A: Equatorial Asia section and common seasonal signal derived by the MSSA approach. Due to the non-parametric character of MSSA, we were able to estimate common seasonal pattern which is not constant over time. From Fig. 6 , we can notice that the maximum amplitude estimated for A: Equatorial Asia was equal to 5.9 mm at the beginning of 2007, while the smallest peak was equal to 4.8 mm in 2002. We compared the common annual signals estimated with MSSA with those determined with LSE separately for each loading model, obtaining maximum difference in peak-topeak oscillations of 2.2 mm (or 77% in other words) at maximum.
Finally, the common seasonal signal estimated from ERAIN, MERRA, and ECCO2 with MSSA algorithm was subtracted from the GPS height time series. Due to numerical artefacts, the environmental loadings do not account for entire seasonal oscillation observed by the GPS time series, as pointed the Introduction section. Therefore, we modelled the remaining annual oscillations from the residual time series using the LSE approach. The median amplitude of the residual annual oscillations estimated for the 229 GPS stations was equal to 1.7 mm. They arose from the fact that the common annual oscillation estimated with MSSA did not reflect the entire seasonal changeability of series due to its spatial pattern. These residual annual oscillations were Vol. 175, (2018) Common Environmental Effects in GPS data 1815 subtracted to estimate the series submitted for further analysis.
Common Mode Errors
In order to show the main advantage of estimating the seasonal signal with MSSA, we determined the Common Mode Error (CME) with the use of the Principal Component Analysis (PCA) for incomplete GNSS time series as proposed by Shen et al. (2013) . This procedure was previously successfully applied by the authors for spatio-temporal analysis of the GPS position time series (Bogusz et al. 2015b; Gruszczynski et al. 2016) . First, CME was estimated for residuals after MSSA curves were removed. Then, CME was estimated for residuals after direct subtraction of environmental loading models. The second approach is nowadays widely used to remove the environmental effects from the GPS position time series, while first is a novelty introduced in this paper. Figure 7 presents the selected stacked power spectral densities of height time series CME determined for individual sections after environmental effect was removed using MSSA-derived annual curve as well as removed directly from time series. These results confirm that although the direct subtraction of environmental loading models from the GPS position time series may help in removing the loading effect and in reducing the RMS values, it causes a change in the character of the stochastic part of time series leading to an artificial subtraction of some power in CME. On the other hand, we may suppose that some part of the Common Mode Error observed by the GPS sensors arises from environmental influence. However, it has not yet been considered if the GPS records are sensitive to environmental influence in the frequency bands between 10 and 80 cpy. If not, we should not artificially influence the character of CME by removal of entire environmental loadings.
From Fig. 7 , we may notice that the character of CME is very similar for both cases for the B: Arid Australia section. For A: Equatorial Australia, C: Warm South America, D: Snow Europe, and E: Polar North America, we can observe that environmental loading models remove lots of power in a frequency band between 10 and 80 cpy. Especially, zones as C: Warm South America and D: Snow Europe are affected by a large cut in the power, and, therefore, a change in a character of CME. When MSSA curves which reveal the common geophysical signal are removed from the GPS position time series, the change in power is not observed, which means that the character of CME remains intact.
Based on the results, we concluded that the common geophysical signal can be successfully modelled with the MSSA method and then removed from the GPS position time series. We showed that the CME values are not affected by MSSA estimates, which makes it to be an effective approach to investigate and/or subtract a common large-scale environmental effect in the GPS position time series.
Discussion and Conclusions
The MSSA approach is a non-parametric method that is able to investigate simultaneously the spatial and temporal correlations for analysing the dependence between any geodetic time series. This method provides the opportunity to determine a signal which is common for stations included in the analysis. In this research, we focused on the common annual signal as environmental loadings from atmosphere, hydrosphere and non-tidal ocean can similarly affect stations situated in a specific area. As it has been already proven, the GPS position time series are influenced by real geophysical changes, systematic errors and spurious effects (Dong et al. 2002; Ray et al. 2008; Collilieux et al. 2010) , which may be observed as seasonal curves with amplitudes changing over time (Gegout et al. 2010; Bennet 2008; Davis et al. 2012; Chen et al. 2013 ). If we do not assume the time variability of seasonal variations, this can be transferred to the reliability of station's velocity estimates . The recent researches (Santamaría-Gomez and Mémin 2015; He et al. 2017 ) confirmed that . 175, (2018) Common Environmental Effects in GPS data 1817 environmental loading models should be considered before the velocity of GPS station is estimated from the position time series. Collilieux et al. (2012) used the loading models to mitigate the aliasing effect in the GPS technique during the frame transformation. proved that a direct removal of loadings causes a reduction in the RMS values, but it also changes the power spectrum of the position time series for frequencies between 4 and 80 cpy, removing a part of the power. Following up, this change in the power spectrum can cause an underestimation of the uncertainty of station's velocity. As we still do not know if GPS senses the environmental effects in the entire frequency range, i.e. we are not sure if the high frequency changes of GPS are due to environmental loadings, we should not remove the environmental effects directly from the GPS position time series. What should be aimed at is the stochastic part which remains intact. To retrieve the real geophysical changes with no influence on the character of the residual GPS position time series, we proposed to model and subtract the common annual part from environmental loadings. In this way, we remove the geophysical signals of common origin which may affect the changes in the positions of GPS permanent stations. We used a set of the IGS ITRF2014 stations and discussed the amount of variance explained by individual models. Afterwards, the common annual curve was removed from the heights.
We determined the common seasonal pattern for environmental loadings which are not constant over time. For example, for A: Equatorial Asia section we Stacked power spectral densities (PSDs) estimated for CME of residuals of the GPS height time series after the influence of environmental loadings was removed using MSSA curve (in red) and directly from series (in blue). The CME was stacked within each of the considered sections. All PSDs were estimated using Welch periodogram (Welch 1967) may make a misfit of 2.2 mm if we assume the time constancy. Annual signal in the MERRA model accounts for 68% of the total variance. It proves that hydrological series are strongly affected by common annual signal. For the ERAIN model, the annual curve explains 24% of the total variance on average, while for the ECCO2 model-only 16%. The highest contribution of the annual changes into ECCO2 loading model reached 40% for stations situated in Indonesia. This was previously noticed by , who emphasized that both the RMS values and maximum predicted radial surface displacement are also much larger for Indonesia than they are for any other regions of the world. Also, the region of North Sea is affected by large contribution of non-tidal ocean loading, as stated before by Williams and Penna (2011) . They noticed that the removal of ECCO2 model from the GPS position time series can reduce the variance of the series of the same amount as the atmospheric loading does. In our analysis, we observed that the contribution of annual curve for European stations for ECCO2 is much higher (40%) than it is for ERAIN model (10%).
As was previously noted by , the most of the power in the non-tidal ocean loading records is at the annual period with other frequencies being not as powerful as annual signal. This was observed in our research as well, as for almost all sections considered, the annual signal explains most of the variance of time series. We also found that most of the power in the ERAIN atmospheric model is cumulated at 1 cpy excluding sections B: Arid North America, C: Warm Europe, D: Snow Europe and E: Polar Antarctica. The annual signal dominates also in the MERRA hydrological model, explaining up to 90% of the total variance of the height time series.
Van found the largest reduction in the RMS values for Asian stations after atmospheric non-tidal loading was incorporated. In our analysis, we noticed that Australian, Indonesian and Asian stations are characterized by the largest contribution of annual signal in the total variance of ERAIN model. If the correlation between the GPS height time series and ERAIN model is high, as showed by , we expect that the annual curves will constitute a good approximation of annual signal found in the GPS position time series. For MERRA model, we compared our results with Tregoning et al. (2009) , who found a large RMS reduction of the GPS height time series, when these were corrected for elastic deformation using continental water load estimates derived from GRACE. We found that the percentage of variance explained by annual signal correlates well with the RMS reduction they presented, especially for areas of North America, South America and Northern Australia. For those areas, the reduction in RMS they found varied from -9 to -3 mm, while the percentage of variance explained by common annual signal we estimated varies between 30 and 50%. The RMS reduction for stations situated in Central and Southern Europe reached the values between 3 and 9 mm as reported by Tregoning et al. (2009) . For these stations, the percentage of variance we explained by common annual signal is in the range of 80-90%. The above result means that the reduction in RMS values which was found before can arise from the annual signal present in hydrological signal, which dominates the loading effect.
We found the evident long-term trends for ECCO2 model, confirming the findings of . This trend explains the majority of variance of ECCO2 model for most of sections considered. According to Ponte et al. (2007) , the longterm trends in the ECCO2 model may arise from the Boussinesq approximation which is employed to compute the model. emphasized that a real long-term trend in non-tidal ocean loading can arise from a trend in freshwater fluxes, trends in the atmospheric forcing as well as long-term climate variability.
After the common annual seasonal curve was modelled with MSSA and removed from the GPS position time series, the residual station-specific annual curve was removed with LSE, as it may affect the character of stochastic part of the GPS data Bogusz and Klos 2016; Klos et al. 2018b) . We showed that the amplitudes of residual oscillations do not exceed 2 mm at maximum. These findings were consistent with results obtained by . In their paper, the authors analysed the residual annual oscillation after the SSA curve was modelled for environmental loading models and then removed from the GPS position time Vol. 175, (2018) Common Environmental Effects in GPS dataseries, but on a station-by-station basis. This means that those models underestimate the seasonalities observed by the GPS system. So, probably, the remaining part of signal being present in the seasonal frequency bands arises from the systematic errors which are not of geophysical origin.
The approach based on removing the common environmental effect with the MSSA method we introduced was compared to the widely applied removing the loading models directly from the GPS position time series. The advantages were shown using the CME estimates. When a common annual signal was removed from the GPS position time series, neither removal of power nor artificial reduction in the CME was noticed. In this way, we remove the geophysical annual effects that disturb stations included in a particular section with no influence on the high frequency part of the spectra. We observed that direct subtraction of environmental loading models causes an evident change in the PSD for frequencies between 10 and 80 cpy. Removing the MSSA-derived curves from environmental loading models causes no influence on the stochastic part of the GPS time series. So, a change in the noise character and CME estimates noted before by Yuan et al. (2008) , when the environmental loading models were removed directly from series, arose from the artificial cut in the power of residuals of the GPS position time series.
The two-step solution we propose allows us to consider the real geophysical effects arising from environmental loading models and to model the timevarying common seasonal signal using the MSSA approach with no artificial change of the stochastic part of the GPS height time series we analysed. However, this approach can be successfully applied for any other type of geodetic observations, in which we may expect a common influence of different type.
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